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The Performanceof the hB-pi Tree

Abstract

The hB-pi treeis a multi-attribute index methodwhich combinesthe hB tree,a multi-attribute accessstructure
and the II-tree, an abstractindex with ef�cient concurrency and recovery methods. The hB-pi tree is a balanced
treeandadaptswell to differentdatadistributions.Furthermore,thehB-pi treeinheritstheef�cient concurrency and
recovery methodsfrom theII tree.This paperprovidestheimplementationdetailsof thehB-pi treeandexploresthe
performanceof differenthB-pi treevariants. The paperbegins by illustrating the experimentalresultson real and
syntheticpointdatasets.ThehB-pi treecannotdirectly index thenon-pointobjectsanddifferentconversionmethods
areappliedto the hB-pi treeto index the non-pointdata. The experimentalresultson real andsyntheticnon-point
datasetsarealsoprovided.Theexperimentalresultsareanalyzedin orderto proposalthefutureresearchdirection.

1 Intr oduction

Multi-dimensionindexing is widely usedin VLSI, spatialandimagedatabases.[5] providesthecomprehensivesurvey
aboutmulti-dimensionalaccessmethods.Multi-dimensionalindexing methodscanbe classi®edinto spatialaccess
methods(SAMs)andpointaccessmethods(PAMs). TheSAMsaredesignedto processtheobjectswith extents(e.g.,
lines,polygons,etc). ThePAMs aredesignedto performspatialsearcheson point databases.ThePAMs canbeused
to index thenon-pointobjectswith conversionmethods.TheSAMscanalsobeusedto index thepointdatabases.

ThemostpopularSAMs arein theR-treefamily. TheR-tree[6] canbethoughtasanextensionof theB+-treein
multi-dimensionalspace.Nearbyobjectsareclusteredinto thesamedatapage.Nearbydatapagesareclusteredinto
thesameindex page.Eachentryin thedatapageis in theform of (MBR, tid) where“MBR” standsfor theMinimum
BoundingRectangleof the objectand “tid” referencesthe real recordin the database(assumesecondaryindex is
used).Eachentry(E) in thetheindex pageis in theform of (MBR, ptr) whereMBR is minimumboundingrectangle
that enclosesall the MBRs in E's child page,ptr is the pointerpointsto E's child page. The R¤-tree[1] improved
the R-treeby usingan optimizedinsertalgorithm,splitting algorithmandforcedreinserts. The Hilbert R-tree[9]
can further improve the performanceon staticdataset by clusteringobjectswith a Hilbert curve. The X-tree [3]
ef®ciently processesthe high-dimensionaldatasetsby usingsupernodes(large sizeindex page). In spiteof the R-
tree's popularity, theR-treehasthreeproblems.First, thereareoverlapsamongindex pagesandtheoverlapsincrease
rapidly with growing dimensionalityof thedata.Accordingto [3], theoverlapcanreach90%at thedimensionof 6.
Second,R-tree's index entrycontainstheMBR whosestoragecostlinearly increasesasthedatadimensionincreases,
thusthefanoutof theindex pagesdecreasesasthedatadimensionincreases.Third, theR-treehaspoorconcurrency
performance.

Onesetof popularSAMs arethe kd-treebasedindex methods.The kd-tree[2] is an in-memorybinary search
treethat recursively dividesthe k-dimensionalspaceinto subspacesby using(k-1) dimensionalhyper-planes. The
kd-B-tree[12] is a variantof thekd-treethatpagessecondarymemory. Thekd-B-treeis balancedtree,but it cannot
guaranteetheminimumstorageutilization becauseof the forcesplit (whena parentindex pageover�ows andsplits
by a hyper-plane,theregion at thelower level might alsoneedto besplit by this hyper-plane).Henrichet al. propose
theLSD-tree[8] (Local Split DecisionTree)which is anothervariantsof thehB-tree.A specialpagingalgorithmis
usedto preserve theexternalbalancingpropertyof theLSD-tree(theheightsof its externalsubtreesdiffer at mostby
one). TheLSD-treeis not a balancedtreeandis very sensitive to thedatainsertorder. LometandSalzberg propose
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thehB-tree[10] whichcanguaranteestorageutilization. ThehB-treeis abalancedtreeandadaptswell to theskewed
datadistribution. Later, Evangelidiset al. combinethe hB-treeand the II-tree [11] into the hB-pi-tree[4]. The
hB-pi-treenot only preservesthegoodpropertiesfrom thehB-tree,but alsoinheritsgoodconcurrency andrecovery
control performancefrom the II-tree. The hB-pi treedividesthe spaceinto non-overlappingsubspacesandis fairly
insensitive to dimensionincreasesbecauseeachkd-treenodeonly storesthesplit valueof onesplit attribute. These
advantagesof thehB-pi treeexactly addressthe the impedimentsof theR-tree. That's why we arguethehB-pi tree
is a goodcandidatefor multi-dimension(especiallyfor mediumto high dimensional)indexing. We will analyzethe
performanceof thehB-pi treefor exactmatchqueryandrangequerybelow.

Like all theotherhierarchicalindex methods,thehB-pi-treeincludesdatapagesandindex pages.Thedatapage
includesoneor morerecordlists thatcontaintherealdataandzeroor onekd-treethatstoresthespacedecomposition
information.Therecordin therecordlist hastheform (a1,a2,..ak ,data)wherea1 to ak standsfor theattributes'values
anddatais therealdatavalue.Thekd-treenodeN hastheform (split-attribute,split-value,left-pointer, right-pointer)
wheresplit-attributeandsplit-valuestorethesplit attributewith thecorrespondingvalue,left-pointerandright-pointer
point to the left andright child of N. As it is illustratedin Figure1(a), if the original root datapageA over�ows,
part of the datain A will be moved to the new createddatapageB. PageA is the containerdatapageandpageB
is the extracteddatapage. A kd-treeis addedto A with a sidepointerthat pointsto pageB. Figure1(a) illustrates
the index pageP createdby the split of original datapageA. The index pagesP containsa kd-treethat storesthe
spacedecompositioninformationof thesubspacereferencedby P. If datapageA furthersplits into datapagesA and
C (®gure1(b)), thesplit path(X10 right) is postedto theparentindex pageP. Startingfrom thekd-treenode(X10) in
P andtravelling P's kd-treeby usingthesplit path. Thesplit path is shorterthantheexisting pathin P's kd-tree,the
kd-treenode(Y10) is decoratedby C. If datapageA furthersplitsinto datapagesA andC (®gure1(c)), thesplit path
(X10 left -> Y7 left) is postedto P. Thesplit path is longerthantheexisting pathin P. Theextra kd-treenodesare
appendedto P'skd-tree.

(a)OriginalhB-pi tree (b)PostI (c)PostII

Figure1: Exampleof thehB-pi tree.

The hB-pi treecannotindex the spatialobjectswith extentsdirectly. A commonpracticeis converting the K-
dimensionalnon-pointobjectsinto 2K-dimensionalpointsand indexing the convertedpointsby a PAM. The most
popularconversionmethodis the corner conversion, the non-pointK-dimensionalobject O is convertedinto 2K-
dimensionalpoint P by usingO's startandendpointsat eachdimension.Thedatadistribution andconvertedquery
rangeof therangequeryareillustratedin ®gure2(a).Anotherwell-known conversionmethodis thelengthconversion,
thenon-pointK-dimensionalobjectO is convertedinto 2K-dimensionalpoint P by usingO's startpoint andlengthat
eachdimension.Thedatadistribution andconvertedqueryrangeof therangequeryareillustratedin ®gure2(b). The
conversionmethodshavetwo majorimpediments.First,the®nitequeryrangein theoriginalspacemightbeconverted
into in®nite queryrangein the convertedspace.Second,the datadistribution in the convertedspacecanbe highly
skewedevenif thedatadistribution in theoriginal spaceis uniform.

In many real-life applications,thesizesof theobjectsaremuchsmallerthanthesizeof thewholespace.Further-
more,therearefew big objectswith largesizeandmostobjectsaremuchsmallerthanthebig objects. For example,
dataset(NA) containsall the main roads(402,466MBRs) in North America. The whole areasizeat the longitude
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(a)CornerConversion (b)LengthConversion

Figure2: Queryrangein convertedspace.

dimension(X-dimension)is 6012timesof the averageobject's sizeat the X-dimensionandthe whole areasizeat
thelatitudedimension(Y-dimension)is 5394timesof theaverageobject's sizeat theY-dimension.Theobjects'size
distribution at eachdimensionis illustratedin ®gure 3(a) and (b). Most objectsaresmallerthan 1

1000 of the area
sizeat thecorrespondingdimensions.Basedon the two observationslistedabove, we canstorea few big objectsin
mainmemoryandreducetheconvertedqueryrange(in cornerconversion) into theareaenclosedby theboldedlines
illustratedin ®gure3(c). We canusethesamemethod(storingthebig objectsin mainmemory)in lengthconversion.
In [8], the authorsalsousethe ®rst observation (object's sizeis smallerthanthe areasize)to reducethe converted
queryrange.

(a)Sizedistributionof X-coordinate (b) Sizedistributionof Y-coordinate (c) Tight ConvertedQueryRange

Figure3: Examplesof tight convertedqueryrange.

The restof the paperis organizedas follows. Section2 presentsthe implementationdetailsof the hB-pi tree.
Section3 exploresthe performanceof the hB-pi treeand the R*-tree for point datasets. Section4 illustratesthe
performanceof thehB-pi treeandtheR*-treefor non-pointdatasets.Section5 summarizestheperformanceresults
andprovidesdirectionsfor futurework.

2 Implementation

Severaldifferentsplit andpostmethodsarepresentedin [4], theD/fp (i.e. splittingatdecorations/postingthefull path)
methodswerechosenbecauseof their simplicity andef®ciency. More detailsabouttheD/fp algorithmcanbefound
in [4]. In thissection,wewill presenttheimplementationdetailsthatarenot includedin [4]. Thestructureof thehB-pi
tree®le is illustratedin Figure4. The®rstblockof thehB-pi treestorestheinformationthatwill beusedfor thewhole
hB-pi tree. All theotherblocks(index pageblocksanddatapageblocks)arestoredafter the®rst block. The®rst 4
bytesof the®rst block storesthe lengthof theblock andthesecond4 bytesstoresthe total numberof blocksin the
®le. Therestpartof the®rst blockstoresthehB-pi treeheader. ThehB-pi treeheaderstoresthefollowing information
in order: dimension,total numberof thedata,numberof thedatapages,numberof the index pages,whetheror not
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root is data(if thisvalueis true,thewholehB-pi treehasjustonedatapage),theblocknumberof therootandthenext
split attributeof thetree.

Figure4: Structureof thehB-pi tree.

Eachindex pageis storedin ablock (index pageblock). Theheaderof theindex pageblockstoresthelevel of the
index page(4 bytes)andpagetype(1 bit, indicatesthatthepageis adatapageor a index page).Theremainingpartof
theindex pageblock is usedto storea kd-tree.Theheaderof thekd-treestorestheID of theroot node(4 bytes)and
theID of thenext nodeto beinserted(4 bytes).Eachkd-treenodecontains:nodeID, decorationblock number, split
attribute,split value,theblock numberof the left child, thetypeof the left child (canbeeithera datapage,an index
pageor anotherkd-treenode),theblocknumberof theright child andthetypeof theright child.

Eachdatapageis storedin a block (datapageblock). Theheaderof thedatapageblock storesthepagetype(1
bit), theID of thenext recordlist (4 bytes),thenumberof therecordlists in thedatapage(4bytes)andwhetheror not
thedatapagehasever beensplit(1 bit). Theremainingpartof thedatapageblock is usedto storerecordlists andthe
kd-tree(thereis not a kd-treein thedatapagebeforethedatapage's ®rst split). Thekd-treehasthesamestructureas
that in the index pageblock, theonly differenceis: in thedatapage,thechild of thekd-treenodecanbe the record
list, cannotbethe index page.TheRecordListscontainsa bunchof recordlists. Eachrecordlist containstherecord
list ID, numberof recordsin therecordlist anda bunchof records.Eachrecordcontainsthepositionof thedataand
realdatavalue.

The hB-pi treeindexesthe whole space.The subspaceswithout any datainside(i.e. emptyspace) might cause
unnecessarypageaccessesduringthequery. Figure5 illustratesoneexample.Thequeryrange,therectangleenclosed
by boldedlines,doesnotencloseany datapoints.But bothpages(D1 andD2) will bevisitedbecausethequeryrange
intersectsthesub-spacethat is enclosedby D1 andD2. In orderto avoid visiting emptyspace, we canstorethereal
MBR asthepageboundaryin eachpage.For datapage(D), thepageboundaryis theMBR thatenclosesall thedata
points in D. For index page(P), the pageboundaryis the MBR that enclosesall the MBRs of P's childrenpages.
Eachkd-treenodein an index pagecanstorechildrenpages'MBRs togetherwith their references(e.g.,their block
numbers).As it is illustratedin ®gure5(b), this methodcanavoid theunnecessarypageaccessescausedby theempty
space.

In thefollowingsectionswepresenttheexperimentalresultsevaluatingthebehavior of theR*-treeandtwovariants
of thehB-pi tree:thehB-pi treewith MBR storedateachindex entry(kd-treenode)andthehB-pi treewithoutstoring
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(a)WithoutPageBoundary (b)With PageBoundary

Figure5: Page.

MBRs. All experimentswererun on anIntel PentiumIV 2.66GHzCPUmachinewith 1GB mainmemory. Thepage
size in all the experimentsis 4KB. The R*-tree codethat we usefor our experimentis comingfrom R-treePortal
organization.ThehB-pi treewasimplementedby our group.Both theR*-treeandthehB-pi treeareimplementedin
Java. All thequeryresultsin the following sectionsaretheaveragevaluesof 100randomrangequeries.In real-life
applications,theareawith datainsidewill attractmostof ourattention,soeachrandomqueryrangeis generatedbased
on theexistingpoint in thedatasets.Thespatialuniverseis aunit square.

3 Performanceon Point Data Sets

In thissectionweillustratetheexperimentalresultsonsyntheticdatasets,thenpresenttheexperimentalresultsonreal
datasets.

3.1 Performanceon SyntheticData Sets

Eachsyntheticdatasetcontains100,000K-dimensionalpointsuniformlydistributedin thecorrespondingK-dimensional
space.

3.1.1 TreeStructur e

Tables1, 2 and 3 illustratethetreestructureof thedifferentaccessmethods.The®rstcolumnindicatesthedimensions
of thedatasets.Thesecondand®fth columnspresentthenumbersof datapagesandindex pagesin thetreestructures.
The third andsixth columnsprovide the page utilization of the datapagesandindex pages.The page utilization is
de®nedasused space

page siz e . Thefourth andseventhcolumnsillustratethenumberof kd-treenodesin datapageandindex
page's kd-trees.Figure6 comparesthedifferentaccessmethodsandthefollowing observationscanbeobtained:

1. ThehB-pi treehasmuchlessdatapagesthantheR*-treebecausetheR*-treestoresthepointsasMBRs. The
two variantsof thehB-pi treehave asimilarnumberof datapages.

2. ThehB-pi treehasmuchlessindex pagesthantheR*-treebecausethehB-pi treeonly storesoneattribute for
eachsplit. ThehB-pi treewith MBR hasmoreindex pagesthanthehB-pi treewithoutMBRs,but haslessindex
pagesthantheR*-tree.
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Table1: ThehB-pi treestructure(withoutMBRs).

Dimension DataPages Utilization Avg Nodes Index Pages Utilization Avg Nodes
2D 492 60.28% 1.50 5 48.39% 98.80
3D 517 76.29% 1.50 5 50.83% 103.80
4D 702 70.29% 1.50 5 68.90% 140.80
5D 911 65.05% 1.50 9 49.90% 101.89
6D 1000 69.09% 1.50 9 54.73% 111.78
7D 1097 71.95% 1.50 9 59.99% 122.56
8D 1244 71.38% 1.51 9 67.96% 138.89

Table2: ThehB-pi treestructure(withMBRs).

Dimension DataPages Utilization Avg Nodes Index Pages Utilization Avg Nodes
2D 486 61.40% 1.50 9 48.67% 54.67
3D 528 75.30% 1.50 9 64.60% 59.33
4D 702 71.07% 1.51 16 57.76% 44.69
5D 927 64.92% 1.50 17 82.32% 55.35
6D 1012 69.45% 1.50 32 55.40% 32.53
7D 1108 72.61% 1.50 33 65.58% 34.48
8D 1269 71.55% 1.50 38 72.17% 34.32

Table3: TheR*-treestructure.
Dimension DataPages Index Pages

2D 679 6
3D 969 13
4D 1264 18
5D 1543 27
6D 1822 36
7D 2106 53
8D 2331 64

(a)DataPage (b)Index Page

Figure6: TreeStructure.
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3.1.2 Query Performance

The queryrange(Q) is always0.01%of the whole spacein all the experimentsin this section. In 2-D space,Q's
lengthat eachdimensionis 1% of the whole areasizeat the correspondingdimension.In 8-D space,Q's lengthat
eachdimensionis about30%of thewholeareasizeat thecorrespondingdimension.Tables4, 5 and 6 illustratethe
queryresultsof differentaccessmethodsondifferentdatasets.The®rstcolumnindicatesthenumberof dimensionsof
eachdataset.Thesecondcolumndisplaysthetotal pageaccessnumbersof thequeries.Thethird andforth columns
presentthe pageaccessnumbersof the index pageanddatapage. The ®fth columnprovidesthe numberof empty
datapagesaccessedin thequeries.Theemptydatapage is de®nedasthedatapagethathasbeenaccessedduringthe
query, but doesnot containany datainsidethequeryrange.Thesixth columnillustratestheaveragenumberof the
datain eachnecessarydatapage accesswherenecessarydatapage accessis de®nedasthedatapagethathasbeen
accessedduringthequeryandcontainsat leastonedatain thequeryrange.Thesixth columnindicatesthenecessary
datapageaccessesof the accessmethods.The last columncontainsthe numberof datain the queryresultsandit
is usedto verify thecorrectnessof theaccessmethods(for thesamedatasetandsamequeryrange,all threeaccess
methodsshouldhave thesamequeryresultsize).

Figure7(a) illustratesthat the hB-pi treeoutperformsthe R*-tree for the samedimensionpoint datasets. Fig-
ure 7(b) indicatesthat the hB-pi treewill outperformthe R*-tree moreandmorewhenenteringhigherdimensions.
Figure8(a)presentschangesof theemptydatapage ratewhich is de®nedas empty data page

total data page access . Theemptypage
rateis increasingwith growing dimensionalityof thedata.TheR*-treehasthe lowestemptypageratebecauseit is
a datapartition accessmethodwhich doesnot index the emptyspace.As expected,the hB-pi treewith MBRs has
lower emptypageratethanthehB-pi treewithout MBRs. Figure8(b) illustratesthenecessarypageaccessfor three
accessmethods.TheR*-treehaslower data

data page ratethanthehB-pi treemainlybecausetheR*-treestoresthepoints
asrectanglesin thedatapageandhassmallerdatapagefanout.

TheR*-treehasa low emptypagerate,but theR*-treehasa small fanoutfor thedatapageandthe index page.
Furthermore,thereareoverlapsamongtheindex entriesof theR*-tree.SothehB-pi treecanoutperformtheR*-tree.

ThehB-pi treewith MBRshasa low emptypagerate,but it alsohasasmallindex pagefanout.As it is illustrated
in table4 andtable5, thehB-pi treewith MBRs visits lessdatapagesthanthehB-pi treewithout MBRs becausethe
formeronecanavoid visiting emptydatapages.But thehB-pi treewith MBRsvisitsmoreindex pagesthanthehB-pi
treewithout MBRs becausethe lateronehasbiggerindex pagefanout.Figure7(a) indicatesthat thetwo variantsof
thehB-pi treehave similaroverall performances.

Table4: ThehB-pi treequeryresult(withoutMBRs,0.01%existingqueryrange).

Dimension Total Index Page DataPage EmptyDataPage D ata
D ataP age ResultSize

2D 4.38 2.01 2.37 0.05 74.52 172.89
3D 10.82 2.10 8.72 0.89 76.13 596.10
4D 22.73 2.40 20.33 2.31 48.52 874.41
5D 38.01 3.01 35.00 5.25 48.06 1429.72
6D 52.64 3.30 49.34 11.04 38.85 1488.02
7D 58.33 3.55 54.78 16.98 35.73 1350.70
8D 69.55 4.31 65.24 30.65 13.62 471.14

3.2 Performanceon RealData Sets

We performedtestswith two realdatasets.TheUS zip codedataset(US) contains42,192zip codespositionsin the
US.Thedatadistributionof theUSdatasetis displayedin ®gure9(a).Thepopulatedareas,suchastheEastCoastand
California,containmostof thepoints(zip codes).Thepointsat thetop left cornerrepresentthezip codesin Alaska

8



Table5: ThehB-pi treequeryresult(withMBRs,0.01%existingqueryrange).

Dimension Total Index Page DataPage EmptyDataPage D ata
D ataP age ResultSize

2D 4.52 2.04 2.48 0.06 71.44 172.89
3D 10.21 2.17 8.04 0.48 78.85 596.10
4D 21.71 2.94 18.77 1.63 51.02 874.41
5D 39.74 3.71 36.03 3.37 43.78 1429.72
6D 53.48 6.26 47.22 8.18 38.12 1488.02
7D 60.07 6.34 53.73 13.24 33.36 1350.70
8D 62.56 8.49 54.07 20.50 14.03 471.14

Table6: TheR*-treequeryresult(0.01%existingqueryrange).

Dimension Total Index Page DataPage EmptyDataPage D ata
D ataP age ResultSize

2D 4.66 2.16 2.50 0.08 71.44 172.89
3D 13.56 3.16 10.40 0.25 58.72 596.10
4D 27.91 4.68 23.23 1.19 39.67 874.41
5D 48.84 7.07 41.77 2.73 36.62 1429.72
6D 59.88 7.93 51.95 6.03 32.40 1488.02
7D 71.38 9.20 62.18 9.43 25.61 1350.70
8D 101.50 21.37 80.13 28.74 9.17 471.14

(a)AbsoluteQueryResults (b)Relative QueryResults

Figure7: Queryresults(0.01%existingqueryrange).
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(a)EmptyPageRate (b) DataPerNecessaryDataPageAccess

Figure8: Queryresults(0.01%existingqueryrange).

andthepointsat thebottomleft cornerrepresentthezip codesin Hawaii. TheNew Englandpostaladdressdataset
(NE) contains123,593postaladdressesin New Englandarea.Thedatadistribution of theNE datasetis displayedin
®gure9(b). TheNE is a screweddatasetandtherearethreemetropolitanareas(New York, PhiladelphiaandBoston)
thatcontainmoreaddressesthanotherareas.

(a)USZip Codes (b)NortheasternAddresses

Figure9: Datadistributionof two realdatasets.

3.2.1 TreeStructur e

Tables7, 8 and 9 provide the treestructureof the threeaccessmethods.The ®rst columncontainsthe namesof
thedatasets.Thesecondcolumnprovidesthenumbersof datain thecorrespondingdatasets.All theothercolumns
have thesamemeaningsasthosein section3.1.2.Figure10 comparesthedifferentaccessmethodsandthefollowing
observationscanbeobtained:

1. ThehB-pi treehasmuchlessdatapagesthantheR*-treebecausetheR*-treestoresthepointsasa MBRs. The
two variantsof thehB-pi treehave similarnumberof datapages.

2. ThehB-pi treewithout MBRs hasmuchlessindex pagesthanothertwo accessmethods.ThehB-pi treewith
MBRshassimilarnumberindex pagesastheR*-tree.
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Table7: ThehB-pi treestructure(withoutMBRs).

DataSet Data DataPages Utilization Avg Nodes Index Pages Utilization Avg Nodes
USZip Code 42192 204 61.35% 1.38 1 99.27% 203.00

New EnglandPostal 123593 536 68.29% 1.48 6 44.50% 90.93

Table8: ThehB-pi treestructure(withMBRs).

DataSet Data DataPages Utilization Avg Nodes Index Pages Utilization Avg Nodes
USZip Code 42192 203 62.03% 1.38 4 47.02% 54.00

New EnglandPostal 123593 545 67.56% 1.49 9 55.25% 62.89

Table9: TheR*-treestructure.
DataSet Data DataPages Index Pages

USZip Code 42192 332 4
New EnglandPostal 123593 866 9

(a)DataPage (b)Index Page

Figure10: TreeStructure.
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3.2.2 Query Performance

Tables10-12and®gures11-12provide thequeryresultsof theUSdataset.Tables13-15and®gures13-14present
thequeryresultsof theNE dataset.The®rst columnof thetableindicatesthequeryrangesize.Othercolumnshave
thesamemeaningsasthosein section3.1.2.

Figure11(a)and®gure13(a)demonstratethat thehB-pi treeoutperformstheR*-treefor therealpoint datasets.
Figure11(b)and®gure13(b)indicatethatasthequeryrangesizeincreases,thehB-pi treewill outperformtheR*-tree
moreandmore. Figure12(a)and®gure14(a)presentthechangesof theemptydatapage rate. As thequeryrange
sizeincreases,theemptypageratedecreasesin all threeaccessmethods.Datain thedatapagesbeingaccessedhave
biggeropportunitiesto becontainedin thequeryrangeasthequeryrangesizeincreases.TheR*-treehasthelowest
emptypageratebecauseit is a datapartitionaccessmethodwhich doesnot index theemptyspace.Figure12(b)and
Figure14(b) illustratethenecessarypageaccessfor threeaccessmethods.TheR*-treehaslower data

data page ratethan
thehB-pi treemainly becausetheR*-treestoresthepointsasrectanglesin thedatapageandhassmallerdatapage
fanout.

TheR*-treehasa low emptypagerate,but theR*-treehasa small fanoutfor thedatapageandthe index page.
Furthermore,thereareoverlapsamongtheindex entriesof theR*-tree,sothehB-pi treecanoutperformtheR*-tree.

The hB-pi treewith MBRs haslow emptypagerate,but it hassmall index pagefanout. As it is illustratedin
table10 andtable11, thehB-pi treewith MBRs visits lessdatapagesthanthehB-pi treewithout MBRs becausethe
formeronecanavoid visiting emptydatapages.But thehB-pi treewith MBRsvisitsmoreindex pagesthanthehB-pi
treewithoutMBRsbecausethelateronehasbiggerindex pagefanout.Figure11(a)demonstratesthatthetwo variants
of thehB-pi treehave similar overall performances.Table13 andtable14 indicatethatthehB-pi treewith theMBRs
canhave moredatapageandindex pageaccessesesthanthe hB-pi treewithout the MBRs for certaindataset. But
bothvariantsof thehB-pi treestill have thesimilarperformanceasit is illustratedin ®gure13(a).

Table10: ThehB-pi treequeryresult(withoutMBRs,US).

Size Total Index Page DataPage EmptyDataPage D ata
D ataP age ResultSize

1% 38.05 1.00 37.05 0.35 79.34 2911.75
2% 50.67 1.00 49.67 0.42 92.96 4578.27
3% 57.31 1.00 56.31 0.47 102.47 5721.90
4% 60.87 1.00 59.87 0.49 108.41 6437.16
5% 63.79 1.00 62.79 0.42 113.44 7075.09

Table11: ThehB-pi treequeryresult(withMBRs,US).

Size Total Index Page DataPage EmptyDataPage D ata
D ataP age ResultSize

1% 36.89 2.73 34.16 0.25 85.87 2911.75
2% 49.42 2.95 46.47 0.24 99.03 4578.27
3% 55.84 3.08 52.76 0.15 108.76 5721.90
4% 59.37 3.09 56.28 0.15 114.68 6437.16
5% 62.43 3.10 59.33 0.17 119.59 7075.09

4 Performanceon Non-point Data Sets

In this section,we ®rst illustratetheexperimentalresultson syntheticdatasets,thenpresenttheexperimentalresults
on real datasets. The length conversion hasmuch worsequery performancethan the corner conversion and its
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Table12: TheR*-treequeryresult(US).

Size Total Index Page DataPage EmptyDataPage D ata
D ataP age ResultSize

1% 36.49 2.94 33.55 0.11 87.07 2911.75
2% 52.09 2.99 49.10 0.06 93.36 4578.27
3% 61.43 2.97 58.46 0.09 98.03 5721.90
4% 67.25 2.97 64.28 0.04 100.20 6437.16
5% 72.28 3.00 69.28 0.04 102.18 7075.09

(a)AbsoluteQueryResults (b)Relative QueryResults

Figure11: Queryresults(US).

(a)EmptyPageRate (b)DataPerNecessaryDataPageAccess

Figure12: Queryresults(US).

Table13: ThehB-pi treequeryresult(withoutMBRs,NE).

Size Total Index Page DataPage EmptyDataPage D ata
D ataP age ResultSize

1% 30.95 2.62 28.33 0.39 109.03 3046.37
2% 47.53 2.90 44.63 0.45 128.84 5692.03
3% 59.67 2.92 56.75 0.43 144.85 8158.02
4% 74.55 3.15 71.40 0.28 151.19 10752.64
5% 84.92 3.19 81.73 0.52 158.18 12845.53
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Table14: ThehB-pi treequeryresult(withMBRs,NE).

Size Total Index Page DataPage EmptyDataPage D ata
D ataP age ResultSize

1% 31.58 2.84 28.74 0.44 107.65 3046.37
2% 48.22 3.34 44.88 0.63 128.63 5692.03
3% 61.03 3.48 57.55 0.32 142.55 8158.02
4% 76.01 3.76 72.25 0.18 149.20 10752.64
5% 85.78 3.98 81.80 0.28 157.58 12845.53

Table15: TheR*-treequeryresult(NE).

Size Total Index Page DataPage EmptyDataPage D ata
D ataP age ResultSize

1% 33.58 3.18 30.40 0.22 100.94 3046.37
2% 55.82 3.51 52.31 0.26 109.36 5692.03
3% 75.17 3.78 71.39 0.30 114.76 8158.02
4% 94.83 3.87 90.96 0.25 118.54 10752.64
5% 111.32 4.14 107.18 0.26 120.14 12845.53

(a)AbsoluteQueryResults (b)Relative QueryResults

Figure13: Queryresults(NE, Existing).

(a)EmptyPageRate (b)DataPerNecessaryDataPageAccess

Figure14: Queryresults(NE, Existing).
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experimentalresultsarenot includedin thissection.In thesequel,wede®necornerconversionmethodasconversion
methodwithoutcausingany ambiguity.

4.1 Performanceon SyntheticData Sets

Eachsyntheticdatasetcontains100,000K-dimensionalrectanglesin the correspondingK-dimensionalspace.The
left-bottompointsof therectanglesareuniformlydistributedin thespace.Thesizesof therectanglesateachdimension
areuniformly distributedwithin thesizerangeof eachdimension(sizerangeat eachdimensionis 1

1000 of thewhole
spacesizeat thecorrespondingdimension).Eachrectanglehasthesamesizein all thedimensions.For example,in
2-D space,therectanglesaresquares.We will ®rst show thetreestructure,thendemonstratetheeffectivenessof the
sizeseparationtechnology(i.e. storethebig objectsin memoryandreducetheconvertedqueryrange)andexplorethe
affectionof thedimensiononqueryperformance.

4.1.1 TreeStructur e

Tables16, 17 and 18 demonstratethe tree structureof threeaccessmethodson different dimensionaldatasets.
Figure15 illustratesthedifferencesbetweenthethreemethods:

1. Thenumbersof thedatapagesandindex pagesin all threeaccessmethodsincreasesasthedimensionincreases.
The fanoutof the datapagewill decreasebecauseeachdataentry will occupy morespaceasthe dimension
increases.Furthermore,sincewe keepthe samenumberof objectsin eachdataset,the total numberof data
pageswill increase.More datapagesneedmore index entrieswhich further bring more index pages(in the
R*-tree,thesizeof index entryalsoincreasesasthedimensionincreases).

2. ThehB-pi treehasmoredatapagesthantheR*-treefor thesamedimensionalnon-pointdatasetsbecausethe
hB-pi treestoresthekd-treein thedatapagewhich requiresextra space.ThehB-pi treewith MBRs hasmore
datapagesthanthehB-pi treewithoutMBRsbecausetheformeronestoresthepageboundaryin eachdatapage
(®gure15(a)).

3. ThehB-pi treewithoutMBRs haslessindex pagesthantheR*-treebecausethehB-pi treeonly storesonesplit
attribute for eachsplit. ThehB-pi treewith MBRs hasmoreindex pagesthantheR*-treebecausethe former
onestoresbothkd-treeandMBRs insidetheindex page(®gure15(b)).

Table16: ThehB-pi treestructure(withoutMBRs).

Dimension DataPages Utilization Avg Nodes Index Pages Utilization Avg Nodes
2D 693 71.19% 1.50 5 68.02% 139.00
3D 1019 67.82% 1.50 9 55.76% 113.89
4D 1258 70.60% 1.50 9 68.72% 140.44
5D 1602 67.79% 1.50 13 60.69% 124.00
6D 1856 69.13% 1.50 16 57.18% 116.81
7D 2102 70.42% 1.50 17 60.92% 124.47
8D 2427 69.13% 1.50 17 70.26% 143.59

4.1.2 Effect of SizeSeparation

Figure16 demonstratesthe effectivenessof the sizeseparationtechnology. The 2-D rectangledatasetis chosento
illustrate the experimentalresults. Otherdimensionaldatasetshave the similar experimentsresults. In ®gure 16,
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Table17: ThehB-pi treestructure(withMBRs).

Dimension DataPages Utilization Avg Nodes Index Pages Utilization Avg Nodes
2D 721 69.23% 1.51 17 55.91% 43.24
3D 1018 69.05% 1.50 32 55.71% 32.72
4D 1281 70.90% 1.51 37 74.68% 35.54
5D 1625 68.79% 1.51 63 67.45% 26.73
6D 1893 70.14% 1.50 79 73.13% 24.91
7D 2174 70.85% 1.50 112 68.62% 20.38
8D 2488 70.58% 1.51 147 68.01% 17.90

Table18: TheR*-treestructure.
Dimension DataPages Index Pages

2D 647 7
3D 961 11
4D 1254 20
5D 1555 28
6D 1810 37
7D 2073 49
8D 2337 64

(a)DataPage (b)Index Page

Figure15: TreeStructure.

16



Table19: Numberof emptydatapageaccessed.

Rate 0.001 0.002 0.004 0.006 0.008 0.01 0.02 0.04 0.06 0.08 0.1 0.2 0.4 0.6 0.8 1
Empty 0.59 0.81 1.36 1.75 2.19 2.51 4.26 6.60 8.68 10.61 12.26 19.74 33.91 40.35 42.40 42.71
Total 4.97 5.19 5.75 6.15 6.60 6.92 8.70 11.08 13.22 15.20 16.92 24.61 39.15 45.72 47.77 48.08

theseparationrate0.001meansall theobjects,whosesizeat all dimensionsaresmallerthan 1
1000 of theareasizeat

correspondingdimension,arestoredin thehB-pi tree.All theobjectswhosesizeatany dimensionarebiggerthan 1
1000

of theareasizeat thecorrespondingdimensionarestoredin mainmemory. Sincewe generateall the rectanglesby
usingthesizerangewhich is 1

1000 of thewholespacesizeateachdimension,thehB-pi treeswith differentseparation
ratescontainthesameamountof dataandhave thesametreestructure.

As it is illustratedin ®gure 16, the smallerseparationrate leadsto smallerquery range,resultingin lesspage
access.The convertedqueryrangewith the separationrate0.001only requires 1

10 pageaccessesof the converted
queryrangewithoutsizeseparation(separationrateequalsto 1).

Figure16: Separationrateaffectsnumberof pageaccess.

Table19 further illustrateswhy thesizeseparationtechnologycanimprove thequeryperformance.The®rst row
containstheseparationrate.Thesecondrow shows thenumbersof emptydatapages(thedatapagesbeingaccessed
without having any datain the queryranges).The third row presentsthe total pageaccessesof the queries.As the
separationrateincreases,theconvertedqueryrangeincreasesandthechanceto accessemptydatapageincreases.

4.1.3 Query Performance

Tables20, 21 and 22 illustratethequeryresultsof differentaccessmethodson differentdimensionaldatasets.The
meaningof eachcolumnis thesameasthatin section3.1.2.

TheR*-treeoutperformsthehB-pi treefor thesamedimensionalnon-pointdatasets(®gure17(a)).ThehB-pi tree
hasthecomparableperformanceto theR*-tree(®gure17(b))becausetheperformancedifferencesarebetween10%
to 40%. Figure18(a)presentsthechangeof emptydatapage rate. As thedimensionincreases,theemptypagerate
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increasesin all threeaccessmethods.TheR*-treehasthelowestemptypageratebecauseit is a datapartitionaccess
methodwhich doesnot index the emptyspace.As expected,the hB-pi treewith MBRs haslower emptypagerate
thanthehB-pi treewithoutMBRs. Figure18(b)illustratesthenecessarypageaccessesfor threeaccessmethods.The
R*-treehashigher data

data page ratethanthehB-pi tree.ThepossiblereasonmightbethattheR*-treeis adataclustering
accessmethodandit clustersthe databetterthanthe hB-pi tree. As the dimensionincreases,the differenceof the

data
data page ratebetweenthehB-pi treeandtheR*-treebecomessmaller. Theperformanceof boththeR*-treeandthe
hB-pi treedeterioratesrapidlywhengoingto higherdimensions.

Table20: ThehB-treequeryresult(withoutMBRs,0.01%queryrange).

Dimension Total Index Page DataPage EmptyDataPage D ata
D ataP age ResultSize

2D 5.15 2.04 3.11 0.19 62.09 181.29
3D 16.28 2.21 14.07 1.09 46.64 605.37
4D 31.85 2.64 29.21 3.53 34.47 885.07
5D 60.11 3.36 56.75 9.63 30.53 1438.42
6D 85.21 4.37 80.84 18.93 24.13 1493.82
7D 96.34 4.30 92.04 31.48 22.40 1356.36
8D 108.60 4.97 103.63 53.36 9.44 474.34

Table21: ThehB-treequeryresult(withMBRs,0.01%queryrange).

Dimension Total Index Page DataPage EmptyDataPage D ata
D ataP age ResultSize

2D 5.16 2.11 3.05 0.09 61.25 181.29
3D 14.97 2.68 12.29 0.66 52.05 605.37
4D 34.72 3.86 30.86 3.11 31.89 885.07
5D 59.29 7.17 52.12 4.59 30.26 1438.42
6D 77.05 9.99 67.06 10.14 26.24 1493.82
7D 98.65 13.29 85.36 20.01 20.76 1356.36
8D 109.50 20.45 89.05 36.61 9.05 474.34

Table22: TheR*-treequeryresult(0.01%queryrange).

Dimension Total Index Page DataPage EmptyDataPage D ata
D ataP age ResultSize

2D 4.53 2.17 2.36 0.04 78.14 181.29
3D 12.41 2.56 9.85 0.14 62.35 605.37
4D 28.40 5.14 23.26 1.35 40.40 885.07
5D 45.45 6.29 39.16 1.97 38.68 1438.42
6D 60.80 8.79 52.01 5.67 32.24 1493.82
7D 73.81 9.56 64.25 10.43 25.20 1356.36
8D 93.65 19.53 74.12 25.45 9.75 474.34

4.2 Performanceon RealData Sets

Two realdatasetsaretestedin this section.Thelongitudedimensionis assignedastheX-dimensionandthelatitude
dimensionis assignedastheY-dimension,

The ®rst dataset(LA) containsthe streets(131,4612-D MBRs) in Los Angeles. The whole areasizeat the X
dimensionis 2783timesof averagestreetlengthandwhole areasizeat Y dimensionis 3391timesof the average
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(a)AbsoluteQueryResults (b)Relative QueryResults

Figure17: Queryresults(0.01%queryrange).

(a)EmptyPageRate (b) DataPerNecessaryDataPageAccess

Figure18: Queryresults(0.01%queryrange).
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streetlength.Theobjects'sizedistribution at eachdimensionis illustratedin Figure19. At theX-dimension,92%of
thedata's sizeat this dimensionis smallerthan 1

1000 of thewholeareasize;4.94%of thedata's sizeis between 1
1000

and 2
1000 of thewholeareasize;1.86%of thedata'ssizeis between 2

1000 and 3
1000 of thewholeareasize.Only 1.16%

of thedata's sizeat X-dimensionis biggerthan 3
1000 of thewholeareasize. The label ”Big” in the®gurerepresents

theobjectswhosesizeis biggerthan 1
100 of thewholeareasizeat theX-dimension.Thedatasizedistribution at the

Y-dimensionis similar to thedistributionat theX-dimension.

(a)X-Dimension (b) Y-Dimension

Figure19: LA LengthDistribution

The seconddataset(Tiger) containsthe MBRs of 556,696censusblocks(polygons)in Iowa, Kansas,Missouri
andNebraska.The whole areasizeat the X dimensionis 1509timesof averageblock sizeandthe total areasize
at Y dimensionis 1587timesof averageblock size. Theobjects'sizedistribution at eachdimensionis illustratedin
Figure20.

(a)X-Dimension (b) Y-Dimension

Figure20: TigerLengthDistribution

4.2.1 TreeStructur e

Tables23, 24 and 25 demonstratethe treestructureof the threeaccessmethodson differentdatasets. Figure21
illustratesthe differencebetweenthe threemethods. We have similar observationson real datasets,as thoseon
syntheticdatasets.

1. ThehB-pi treehasmoredatapagesthantheR*-treebecausethehB-pi storesthekd-treein thedatapage,which
requiresextraspace.ThehB-pi treewith MBRshasmoredatapagesthanthehB-pi treewithoutMBRsbecause
theformeronestoresthepageboundaryin eachdatapage(®gure21(a)).

2. The hB-pi treewithout MBRs haslessindex pagesthan the R*-tree becausethe hB-pi treeonly storesone
split attributefor eachsplit. ThehB-pi treeandtheR*-treehave a similar numberof index pagesbecausethey
have asimilarnumberof datapagesandtheir index entrysizeis similar in 2-dimensionalspace(akd-treenode
occupiessimilar spacesasa 2-D MBR). The hB-pi treewith MBRs hasmore index pagesthan the R*-tree
becausetheformeronestoresbothkd-treeandMBRs insidetheindex pages(®gure21(b)).
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Table23: ThehB-pi treestructure(withoutMBRs).

DataSet Data DataPages Utilization Avg Nodes Index Pages Utilization Avg Nodes
LA Streets 130384 997 64.57% 1.58 8 62.40% 127.50

TigerCensus 553077 4235 64.49% 1.56 37 57.31% 117.08

Table24: ThehB-pi treestructure(withMBRs).

DataSet Data DataPages Utilization Avg Nodes Index Pages Utilization Avg Nodes
LA Streets 130384 1013 64.35% 1.57 21 64.10% 50.67

TigerCensus 553077 4274 64.69% 1.56 93 61.15% 48.22

Table25: TheR*-treestructure.
DataSet Data DataPages Index Pages

LA Streets 130384 935 10
TigerCensus 553077 4002 36

(a)DataPage (b)Index Page

Figure21: TreeStructure.
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4.2.2 Effect of SizeSeparation

We assumethat at most1% of the dataof the whole datasetcanbe put into memory, so we choseseparationrates
0.004and0.006for the LA andTiger datasets.As it is illustratedin ®gure22, the smallerseparationrateleadsto
a smallerqueryrange,which leadsto lesspageaccesses.Theconvertedqueryrangewith a separationrateof about
0.001only requiresabout 1

10 of thepageaccessesof theconvertedqueryrangewithoutsizeseparation(separationrate
equalsto 1).

(a)LA (b) Tiger

Figure22: Separationrateaffectsnumberof pageaccess.

4.2.3 Query Performance

Tables26-28andtables29- 31 illustratethequeryresultsof differentaccessmethodson realdatasets.Themeaning
of eachcolumnis thesameasthatin section3.2.2.

TheR*-treeoutperformsthehB-pi treefor thesamedimensionalnon-pointdatasets(®gure23(a)and®gure25(a)).
ThehB-pi treehasa comparableperformanceto theR*-tree(®gure23(b)and®gure25(b))becausetheperformance
differencesarebetween20%to 80%.

Figure24(a)and®gure26(a)presentthe changesof the emptydata page rate. As the dimensionincreases,the
emptypagerateincreasesin all threeaccessmethods.TheR*-treehasmucha lower emptypageratethanthehB-pi
tree.For onething, theR*-treeis a datapartitionaccessmethodwhichdoesnot index theemptyspace.Furthermore,
we arecomparingthe4-D hB-pi tree(becauseof conversionmethod)with the2-D R*-tree. As expected,thehB-pi
treewith MBRshasaloweremptypageratethanthehB-pi treewithoutMBRs. Figure24(b)and®gure26(b)illustrate
thenecessarypageaccessfor threeaccessmethods.TheR*-treehasa higher data

data page ratethanthehB-pi tree.One
interestingobservationis: theMBRsstoredin thehB-pi treemightbenothelpful in somedatasets(®gure26(a)).The
hB-pi treewith MBRsmighthave ahigheremptypageratethanthehB-pi treewithout theMBRs(®gure26(a)).

Table26: ThehB-pi treequeryresult(withoutMBRs,LA).

Size Total Index Page DataPage EmptyDataPage D ata
D ataP age ResultSize

1% 30.16 2.49 27.67 6.38 70.31 1496.97
2% 46.72 2.68 44.04 5.38 81.75 3160.31
3% 63.93 2.98 60.95 6.18 88.74 4860.08
4% 78.37 3.09 75.28 5.19 93.24 6535.29
5% 92.99 3.18 89.81 5.15 98.04 8300.47
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Table27: ThehB-pi treequeryresult(withMBRs,LA).

Size Total Index Page DataPage EmptyDataPage D ata
D ataP age ResultSize

1% 29.90 3.18 26.72 5.16 69.43 1496.97
2% 46.35 3.63 42.72 4.05 81.73 3160.31
3% 63.87 4.32 59.55 4.55 88.37 4860.08
4% 78.67 4.77 73.90 3.80 93.23 6535.29
5% 93.12 4.98 88.14 3.42 97.98 8300.47

Table28: TheR*-treequeryresult(LA).

Size Total Index Page DataPage EmptyDataPage D ata
D ataP age ResultSize

1% 18.59 2.65 15.94 0.30 95.71 1496.97
2% 33.07 3.01 30.06 0.25 106.02 3160.31
3% 47.20 3.22 43.98 0.21 111.04 4860.08
4% 60.95 3.42 57.53 0.25 114.09 6535.29
5% 75.37 3.70 71.67 0.25 116.22 8300.47

(a)AbsoluteQueryResults (b)Relative QueryResults

Figure23: Queryresults(LA).

(a)EmptyPageRate (b)DataPerNecessaryDataPageAccess

Figure24: Queryresults(LA).
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Table29: ThehB-pi treequeryresult(withoutMBRs,Tiger).

Size Total Index Page DataPage EmptyDataPage D ata
D ataP age ResultSize

1% 81.51 4.03 77.48 11.93 85.01 5572.62
2% 138.60 5.08 133.52 14.48 94.13 11205.04
3% 194.70 6.12 188.58 18.25 97.53 16612.83
4% 248.74 7.03 241.71 20.96 100.63 22214.95
5% 305.77 7.73 298.04 23.07 103.12 28353.67

Table30: ThehB-pi treequeryresult(withMBRs,Tiger).

Size Total Index Page DataPage EmptyDataPage D ata
D ataP age ResultSize

1% 91.07 7.65 83.42 13.68 79.91 5572.62
2% 152.20 10.34 141.68 15.56 88.84 11205.04
3% 210.21 12.50 197.71 19.75 93.35 16612.83
4% 267.06 14.63 252.43 23.37 96.98 22214.95
5% 328.66 16.69 311.97 26.04 99.16 28353.67

Table31: TheR*-treequeryresult(Tiger).

Size Total Index Page DataPage EmptyDataPage D ata
D ataP age ResultSize

1% 51.17 2.66 48.51 0.25 115.47 5572.62
2% 95.95 3.12 92.83 0.28 121.07 11205.04
3% 137.68 3.67 134.01 0.31 124.25 16612.83
4% 181.85 4.28 177.57 0.34 125.35 22214.95
5% 228.21 4.98 223.23 0.38 127.23 28353.67

(a)AbsoluteQueryResults (b)Relative QueryResults

Figure25: Queryresults(Tiger).
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(a)EmptyPageRate (b)DataPerNecessaryDataPageAccess

Figure26: Queryresults(Tiger).

5 Conclusionand Futur eWork

Fromtheextensive experimentalresultspresentedin theprevioussections,wecanhave thefollowing conclusions.

For thepointdataset,thehB-pi treeandtheR*-treehave thefollowing differences:

1. ThehB-pi treeuseslessstoragespacethantheR*-tree.ThehB-pi treehaslessindex pagesanddatapagesthan
theR*-tree. For thedatapage,storingpointsasMBRs in theR*-treewastesthestoragespace.For the index
page,thehB-pi treeonly storesonesplit attributeandis insensitive to thedimension.

2. Theupdatecostof thehB-pi treeis lower thantheR*-tree.TheR*-tree's reinsertoperationis expensive.

3. Thereis not any overlapin theindex pageof thehB-pi tree.Thereareoverlapsamongtheindex entriesof the
R*-tree.

4. ThehB-pi treehasa betterperformancethantheR*-tree for realdatasetsandthesyntheticdatasets(include
highdimensionaldatasets).

5. ThehB-pi treehasbetterconcurrency andrecoveryalgorithms.

For thenon-pointdataset,thehB-pi treeandtheR*-treehave thefollowing differences:

1. ThehB-pi treehaslessindex pagesthantheR*-tree.TheR*-treehaslessdatapagesthanthehB-pi treebecause
thehB-pi treestoresthekd-treein thedatapage.

2. Theupdatecostof thehB-pi treeis lower thantheR*-tree.TheR*-tree's reinsertoperationis expensive.

3. Thereis not any overlapin theindex pageof thehB-pi tree.Thereareoverlapsamongtheindex entriesof the
R*-tree.

4. The hB-pi treehasa comparableperformanceto the R*-tree for real datasetsandthe syntheticdatasets(in-
cludinghighdimensionaldatasets).

5. ThehB-pi treehasbetterconcurrency andrecoveryalgorithms.

ThehB-pi tree(andall theotherkd-treebasedaccessmethods)index thewholespaceno matterwhetheror not
thereis any datain somesub-spaces.Indexing the emptyspace(i.e. without datainside)leadsto emptydata page
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accesses.As the dimensionincreases,moreandmoreemptydata pageswill be accessed.For example,if the data
setscontains100,000uniform distributedpointsandthe queryrangeis 0.01%of the whole space,the emptydata
pagesaccountfor 2%of thetotalpageaccessesfor 2-D pointsandaccountsfor 50%of thetotalpageaccessesfor 8-D
points. To make thesituationevenworse,it hasbeenobservedthat therealdatain high-dimensionalspaceis highly
correlatedandclustered,andthatthedataoccupiesonly somesubspacesof thewholespace.In orderto improve the
performanceof hb-pi treein therangequery, weneedto proposeanew hB-pi tree.Thedesirablepropertiesof thenew
hB-pi treeare:

1. Thenew hB-pi treeshouldbeableto indicatetheemptyspace. More ideally, it shouldalsobeableto ef®ciently
handlethesparespacewhichcontainsonly a few objects.

2. The new methodshouldbe insensitive to the increasesof the dimension.For example,in the LSD h -tree[7]
paper, HenrichproposestheCADR (CodedActualDataRegion)methodto indicatetheemptyspace,but CADR
is sensitive to thegrowing dimensionality.

3. The goodconcurrency propertyin the original hB-pi treeshouldbe preserved becauseconcurrency is oneof
mostimportantissuesin therealDBMS systems.

4. Thenew hB-pi treeshouldadaptwell to differentdatadistribution.

5. Thenew hB-pi treeshouldbeadynamicindex method.
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